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Abstract 2. BACKGROUND

o _ . Three dimensional deformable motion models find their
A method for non-rigidly deforming 3D PET datasets is rgots in the two dimensional optical flow literature. Horn [1]

described. The method uses a Lagrangian motion field descripyas one of the first to develop an optical flow algorithm which
tion and a forward deformation mapping which conserves total ca|culated a velocity vector for each pixel in an image from a
voxel intensities. To regularize the deformation, a large-defor- {ime sequence of 2D images. Integrated over short time peri-
mation isotropic strain energy function is used that models the ogs; this 2D motion field, or flow field could roughly be
material properties of cardiac tissue. The method is applied to thoyght of as the vector field mapping corresponding pixels in

or gates, of a cardiac sequence. constraints: first a constraint assuming that pixel intensity rep-
resenting a specific image feature would be approximately con-
1. INTRODUCTION served and second a motion field smoothness constraint based

on the assumption that the objects in the images had continu-

i ) ) . ous surfaces which would induce a smoothly varying motion
In gated acquisitions of cardiac Positron Emission Tomog- field

raphy (PET), the motion of the heart is stopped in the images

by dividing the data obtained during the cardiac cycle into a .,ngiraints of Horn. Song [2],[3] used a direct 3D extension of
number of different time frames, or gates. Typical PET cardiaC o tiom algorithm to calculate the motion field in ultrafast

acquisitions require 20-30 minutes to obtain adequate StatiStiC%omputed tomography (CT) images of the heart. Zhou [4] used
for acceptable image reconstructions. To direct the tomography, gjmijar formulation to calculate larger deformations in CT
events obtained during this time to the appropriate time frame,j 545 of deformed asphalt test structures. Both these tech-
the electrocardiograph (ECG) is monitored and used to obtain hiques relied upon a voxel matching constraint as the driving
trigger on the R-wave. Tomograph events are distributed 10 theg,ce g the deformation. A simple smoothness and an incom-

appropriate gate based upon the time since the last R-wavey o sgipiity constraint was imposed to restrict the set of possi-
occurrence. An unfortunate effect of distributing the data to ble particle deformations

many different time frames is that the statistical quality of the Bajcsy and Kovacic [5] were one of the first to incorporate
reconstructed volume suffers. Ideally, one would like to correct a more realistic elastic material model as a regularization con-

each image for motion, then add them back together to obtain & aint Though they used their deformation technique to match
composne image with less motion blur and better signal to 3D CT volumes of brains from different people, the brains
noise properties. appeared similar enough so that a material model of continuous
We describe here a deformable motion technique thatmedia gave acceptable results. Unfortunately, unpredictable
allows motion compensation for subsequent combination ofresults can occur using the linear elastic model of Bajcsy for
PET datasets. Unique in the approach are two aspects. First large deformations because the elastic models assumes infini-
forward deformation mapping is used which conserves totaltesimal displacements. The model will still provide a smooth-
PET activity between a target and a deformed volume. Seconding constraint, and hence it has been used by numerous other
a smoothing constraint incorporating large deformation strainauthors [6, 7, 8, 9] but it's validity as a material model is ques-
energy is used to model the underlying cardiac tissue beingtionable. Christensen [10],[11] tried to overcome this problem
deformed. by introducing a viscous fluid model capable of tracking large

Similar works in the 3D deformation world parallel the



deformations. He used this technique to match largely differing pefine two 3D density fieldsf (1) , antl(r)
brain datasets from different patients. . . )

Material model based algorithms appear as elegant soluin & discrete domain,
tions to deformable motion problems, however, they are com- rOQ = {{L N, ILNJL[L NI},
putationally intensive. Essentially, they make use of properties, haren N
from real world elastic materials that enforce a smooth defor- Xy
mation of some 3D dataset. This is necessary because withowill call f,(r) the target volume, and ,(r) the reference vol-
such constrain_ts, nearly any arbitr_ary volume can be warpe_d 4 me. A Lagrangian motion field is defined as,
match voxels in another volume in many ways. For warping
brain datasets from different patients, it is known that the two
brains are simply not the same piece of matter that has bee
warped. Rather, they are similar enough that a linear elastic or
viscous fluid model can be used to approximate the required
smooth deformation. However, there are a number of other,Assumingf, andf, are perfect measurements of a conserved
perhaps simpler, smoothness constraints that could similarlymedium, the goal of the motion estimation technique is to find
constrain the solution. For these reasons, a number of researchne motion field such that
ers have found success in the brain warping community using 3 -
simpler models, such as linear or affine [12], spline [13, 14, 15, (") 21
16] or other non-linear [17, 18] deformations. Alternatively, With these definitions, we can define an error term at each
the flow field may be smoothed using a low pass filtering dur- voxel location r, as follows:
ing the evolution of the solution, and this too will impose on image matching:
overall smpothness constralnt on the fmgl sc_JIu_tlon _[19]. e(r) = A (f,(r) - fl(r))z

Modeling deformations of the heart is distinguished from
the brain matching application in two ways. First, the image
volume of the heart at two different times actually represents a es(r) = AsA(r)
deforming piece of physical elastic media. Therefore, in this where A(r) is the material strain energy density at the voxel
case, as opposed to the brain matching literature, it may makgocation defined by and where\,, \s are global scalars used to
more sense to use an accurate physical model to impose . . L

i s . weight the different error terms. The overall minimization

smoothness constraints on the motion field. Second, assumin

: . : L roblem is to find a motion field consistent with elastic mate-
the isotope has cleared the blood pool in PET images, it is a’. . .
. ) o : ._rial properties that best match the deformed and reference via a
safe assumption that total radioactivity in the cardiac walls is

. : - minimization of:
conserved between time frames. For this reason, a resampling

scheme that conserves total voxel intensities is warranted. Eiot = Z[e|(f) +eg(r)]
For modeling cardiac deformations, it is known that large r

displacements take place during the cardiac cycle, yet we know

that the heart tissue is not a viscous fluid. Our formulation tries 3- 1. Smoothness Constraint

to more accurately describe the strain energy seen by the car-  An isotropic large deformation strain energy function is

diac tissue based on finite deformation mechanicsused to model the smoothness properties of cardiac tissue

[20],[21],[22]. deformation. Given a displacement fieid, the large, or finite
displacement strain tensor at each voxel can be calculated as

n=xy23 ,

N, are the dimensions of the image volume. We

m(x. ¥, 9 = (u(x ¥ 2, v(x ¥ 3, w(x Y, 9)
gnd the deformed volume df,  is defined as,

fo(r+m) = f,(r).

and strain energy

3. MOTION ESTIMATION

€11 €1 €31

As is the case with most 3D deformable algorithms, the €= leeney

constraint driving the deformation is an image matching con- €13 €3 €33

straint. A motion field is sought which will deform one volume |\ hare
to best match a reference volume. Because numerous matching

transformations exists using only this constraint, the solution is €17 = Uyt %(Ui + Vi + Wi)
often regularized by imposing an additional smoothness con-

straint. This latter requirement makes the assumption that the €y = Vy + %(u§+v§ +w§)
material within the volume is a continuously deforming elastic

medium, which can only deform as is consistent with elastic ey = WZ+%(U§+V§+W§)

material models.
The motion estimation framework is described as follows. 2ey;, = 265 = vyt U+ (Uuy Vvt ww)



2e153 = 265 = Uy + W, + (U Uy + V,V, + W,W,) mentation on a discrete domain involves some subtleties that
26, = 20, = VW, + (LU, + V.V, +WW) are |mp0rtar_1t to recognize in the defor_matlon of PET datasets.
23 s2 = Tz Ty S zhy " Tzly B T2y Past efforts implementing 3D deformations such as the work of
and where derivatives of the motion field are denoted asChristensen, Bajseky, and Zhou [10],[5],[4] have used a reverse
transformation to morph voxels from the deformed volume. In
this Eulerian formulation, the motion vectors describe a parti-
tesimal description of the strain components as described incle’s motion with respect to its final position. That is, the
[5],[23]. The infinitesimal description assumes that the dis- motion vectors are defined in the space of the reference vol-
placement components are small and thus neglect the secondme, f, and the “heads” of all the motion vectors terminate at a
order terms. For example, the first term of the tensor would discrete voxel locations in the reference volume. The motion
equal e;; = u, in the infinitesimal formulation. Waldeman vector “tails” effectively sample from a continuously defined
gocation in the target volumef, . Thus to obtain the value of
each voxel in the deformed volumeé,(r) = f,(r-m) , eight

u, = %. We distinguish the above formulation from an infini-

[24] has shown that because of the large-distance deformation
of the heart during the cardiac cycle, the infinitesimal approxi- .
mation can induce errors of at least 16% in the strain compo-V.0XeIS from the dgforma’uon VO'Pme are.§ample_zd at the .Ioca-
nents. Therefore, our analysis uses the finite distancet'on’ r-m, and Welgh_ted according to trilinear mterpolatlon:
components. Suchbackwardsampllng do_es not guarantee that each voxel in
Numerous strain energy functions have been proposed forthe deformation volume W'". ‘?O”.”'b“te to the deformed vol-
cardiac tissue. The most realistic models to date incorporateume' Thelrgfore the totaI”acl';lwty na def(érmgd targg tPET \?)I'
cardiac fiber direction and non-isotropic material proper- ?mﬁ wou not generally be conserved using this sampling
ties[22],[25]. However, such models are computationally inten- echmique.
sive and for this application would require segmentation of the We propose a forward sampling technique which defines
cardiac tissue in a 3D density volume. To implement a properthe location of the motion vector at its starting position in the
model for cardiac fiber direction, recognition of landmarks to space of the target volume. In this Lagrangian formulation, the
establish proper cardiac orientation would be required as well.motion of each discrete voxel in the target volume is well-
We do not wish to require such preprocessing at this point, sodefined, though the motion vector generally terminates on non-
we make the simplifying assumption that the cardiac tissueinteger spatial locations within the reference volume.
material properties are isotropic. Even with this assumption,
there arepa nF:meer of differen?strain energy functions thgt can, To calculate the deformed volume, the value of each voxe|

be used. We choose to define the strain energy at a given voxe'apt tt?w(:z tl?)rcgae';ovnmgme\lisastlr”il]iﬁga?Iisr::fruflitligf t&%ggga‘grels
location,A, as follows [20]: f+m, P : Y,

the value of the deformed volume at some discrete location on
_A 2 2 2 2 oy~
A = 5(ertepteg) +H(e eyt ey) the voxel grid,r may be expressed as

+E(e2+e2 +e2) 2%y =
2\C23T 127 C13 f(r) = % ) y, f4(r)
where), u are scalars called the Lame constants. These can be rrmoRm
written in terms of the more intuitive constants, called the where R(f) represents the region where a morphed voxel
Young’s elasticity modulus angl , called the Poisson ratio: ~ would contribute via trilinear interpolation to a voxel at loca-
E=u@BA+20)/(A+p), v =A(2(A+p)) tion, 7, andy, represents the interpolation weighting factor. In

E relates the tension of the object and it's stretch in the samegeneral the deformed volumé,(r) , is calculated in a single

direction, andv is the ratio between lateral contraction and pass by first initializing the volume to zero, then forward pro-
axial extension [26]. _ jecting each voxel in the target volume, adding to the appropri-
As a comparison, past efforts [2],[4],[27] have used simple ate eight voxels irfy(r) for each projection.
smoothness terms such as
2+u§ +Vi +2 +V§ +W§ w2 The forward deformati_on technique g.uarantees that each
) o , yooe ooy L voxel in the target volume is represented in the deformed vol-
which globally penalize discontinuities in the motion field. The ume, and that the total PET density is conserved. The tech-
stress model provides regularization constraints more charachique also allows a voxel intensity increase at regions of true

5 2 2
es = Ag(uy+u +W;) ,

teristic of true material deformations. material compression in the deformed volume. In contrast, a
. . backward sampling scheme with a converging motion field
3. 2. Forward Deformation Sampling could not increase the voxel intensity greater than values in the

Though the motion field describing the volume deforma- target volume, since the value of a voxel in the deformation
tion is a one-to-one mapping in a continuous domain, imple- volume is only a single weighted sample in the target volume.



3. 3. Solution Formulation

The energy criterion to be minimized over all voxels in the
PET volume is as follows:

Eior = Z [e(r) +eg(r)]
T

For each of thev= 3 N,.N,, N, parameters in the motion vec-

y
tor field, we can define the derivative of the energy function
with respect to that parameter as:

%ot

0%

O (U, Vi Wy s Wiy ) = k(X X e Xag) =

We use a nonlinear successive overrelaxation (NLOR) method
to obtain the minimization [28]. In this minimization tech-
nigue, for the solution to a function of the form,
O (Xgs X9y ooy Xyy) = 0,k = 1,2 .., M
a NLOR iteration is defined as
n+1 n+l n

X1y ey X ay Xpeory X
XE+1 _ xE—mgk( 1 k=1 Xk )
%(Xn+l AL
ax L kel e M
The term,w , is a scalar typically set betweer w< 2 . Nor-

mally, each iteration of the NLOR technique requires evalua- Figure 1. MCAT Heart Phantom. Transverse slice of the
tion of the entire objective function and its derivative, however target image (a) and reference image (b). Noisy
for the PET deformation problem, a small change in a single Versions of the phantom target and reference images
motion vector component affects only a very small fraction of ~obtained by adding Gaussian noise (c,d) Outline of the
all the terms in the function. Therefore the NLOR technique 'eference image is displayed on all images to show the
can be carried out relatively efficiently. In our implementation, Metion between frames.
we initialize the motio_n field t_o zero, then use a checkerboardpa ombined to form a single composite image. This paper will
update to proceed W|t_h the |ter_at|0r_1. _Add|t|onally, we four_1d only consider the summing of two frames.
that convergence was improved if a limit equal to the voxel size
was imposed on the maximum step size.

4. RESULTS
3. 4. Implementation Details

Because of fairly large displacements with respect to the4. 1. Simulated Cardiac Phantom
voxel size, a multiscale approach was useful to obtain suitable
convergence. For example, a 1X8128 X 47 volume is sub-
sampled into 64X 64 X 23, 32X 32 X 23 and 16X 16 X 23
datasets using a uniform cubic B-spline approximation to a
Gaussian pyramid [29]. A motion flow field solution was found

A realistic cardiac PET phantom was used to test the algo-
rithm. The phantom was obtained using the Mathematical
CArdiac Torso (MCAT) software implemented at the Univer-
sity of North Carolina [30], [31], and provides a realistic
éjataset of the emission PET image of a beating heart against a
zero background. Figure 1 shows a single transverse slice

rough the dataset at the reference and target time frames for

oth a noise-free case, and for a case where Gaussian noise is

added. Though the phantom heart changes between the two
.}ime frames, material and intensity is conserved. The results of
the deformation algorithm for the noiseless case are shown in
N Figure 2. Results obtained using backward sampling and a
fsun(r) = Fa(r) + f5(r) smoothness constraint penalizing flow field discontinuities and

Because the deformed volume conserves the total countslivergence are also shown. Both cases show that the target
present in the original volume (except at the volume borders),heart at systole can be warped to result in a image matching the
the composite volume represents the total PET counts acquiredeference image at diastole. The important distinction here is
in the two gates. In general, data from all cardiac gates couldthat the forward mapping technique conserves voxel intensities

the initial condition of the flow field. This technique speeds the
overall convergence, and in many cases was found necessary
avoid solutions at incorrect local minima.

Once the deformed volumef(r) matchiny(r) is
obtained, subsequent processing to obtain a composite PE
dataset is straightforward. The composite sum is computed as



Figure 2. Deformed MCAT Images (noiseless case).

Deformed target using forward sampling and strain
energy (a) verses backward sampling (b) both are
warped to match the reference quite well, but voxels
intensities are conserved only in the forward sampling

case. Comparison of the flow magnitude for each (c)
and (d) shows that the backward sampling technique
permits concentration of motion along the edges
despite an incompressibility constraint in the

formulation, and therefore may not uniformly sample

the target image. Note that the overlay of the target
edge map on the forward magnitude image(e) and the
edge map of the reference image on the backward
magnitude (d) show non-zero motion outside the
cardiac boundaries, but since the outside voxels are
zero-valued, they do not adversely affect the warp.

of the target volume. If the grey level of all voxels in the vol-

ume Fig 2b does not conserve the sum (voxel grey sum =
8718). Additionally, a close examination of the corresponding
motion magnitude image, (Fig. 2d, 2f), shows that despite an
incompressibility constraint in the matching criteria, the back-
ward sampling technique allowed a greater concentration to be
sampled from the edges of the ventricle walls, and allowed the
central portion of the walls to be undersampled. The figure also
points out in that the highest flow magnitude for the forward
sampling occurs in the portion of the volume corresponding to
the shape of the heart in the target (e), whereas for the back-
ward sampling, the motion magnitude is effectively showing
the motion at the vector “heads” and are thus concentrated at
the voxels corresponding to the heart shape in the reference
volume. Note that for both the forward and backward sampling
cases, regions outside the boundaries of the heart have non-
zero motion magnitudes. Though these vectors may not repre-
sent true motion of material adjacent to the cardiac walls, the
voxel values of this material in PET imagery are close to zero,
so they do not adversely affect the deformed image. It is antici-
pated that images with a significant non-zero background may
require a segmented material model to be effective.

Results for the MCAT phantom in a noisy case are shown
in Figure 3. The same forward deformation techniques and
material model were again applied in Fig. 3a, 3c. For compari-
son, results of the algorithm using the simple smoothing crite-
rion, &g, are shown in Fig. 3b, 3d. Close examination shows
that the technique using the strain material model achieved
slightly superior results. Comparison of the flow magnitude
maps indicate that the strain model may more accurately repre-
sent motion along object boundaries.

4. 2. Data From Human PET Study

Transverse slices from two successive gates acquired from
a human cardiac PET study are shown in Figure 4. The images
were obtained using the CTI/Siemens ECAT EXACT HR scan-
ner using the radiotracer,lSF-ﬂuorodeoxyglucose, and 100
msec cardiac gates [27]. The resulting image seen in Fig. 4c
show that though there is considerable noise and background,
the deformed target image appears to match the reference well.

Image (4e) shows the result of a simple sum of the two
gates without motion compensation; the adjacent image (4d)
shows the sum/f,(r) = Fi(r) + f,(r) . Comparison of the
edge map off ,(r) overlaid on the uncompensated sum shows
how the motion compensation reduces blur.

5. DISCUSSION

The need for motion compensation in cardiac PET is

ume are summed, it is seen that the volumes displayed in Figbecoming_more apparent as the resqution_of c.onventional PET
volumes a sum = 9091), whereas the backward sampled volone of the limiting factors for resolution of cardiac features.

Gating the PET acquisition into different reconstructed time



Figure 3. Deformed MCAT Images (noisy case).
Deformed target using strain energy model (a) verses
simple smoothness (b) shows a slight improvement
when compared to the edge map of the reference
volume overlaid on each image. Comparison of the
motion field magnitude map for the strain model (c) and
the simple smoothness model (d) indicates that the
strain model may more accurately represent motion
along object boundaries. Figure 4. Human Cardiac PET. Target (a) and
reference (b) image obtained from a single

frames will continue to be a useful technique for stopping the {ransverse slice through the data volume.
motion. However, because patient time in the scanner and iso- Deformed volume show in (c) closely matches
tope dose will always be at a premium, it will always be the shape of the reference, and conserves the

desired to combine all gates for optimal signal to noise charac- VOxel intensities of the target. An edge map of
teristics. the reference is displayed on (a,b,c). Result of

summing the deformed and reference volume is

seen in (d). For comparison, a summed image of

the target and reference without motion
compensation is seen in (e). Note the decrease

in motion blur in the compensated sum.

ikewise, the blood pool within the chambers of the heart and
the surrounding image of lung tissue are not continuously

The deformation model described here appears to be a
promising technique for providing motion compensation
before recombining PET data. Considerable work needs to be
done before this can be done in practice. Validation will be a
main focus of this work. To date, the extent of our validation is
the appearance of the match between a reference and

deformed dataset. As is always the problem with processing; ) y ;
biomedical imaging, there is a lack of a gold standard thatJoined to the heart tissue, and they obviously have different

expresses a “true” motion field that we could use to evaluateMaterial properties that the myocardium. It is our hope that the
the accuracy of our algorithm. The MCAT phantom is a step in image matching constraint provides suitable information to
the right direction, but given this model is described by a set of overcome these material model simplifications. As mentioned
ellipses, true point correspondences are still difficult to estab-earlier, detailed material models of the heart using finite ele-
lish. ment techniques are available at the expense of considerable

The appropriateness of an isotropic material model is computation and pattern recognition requirements. It is a
another guestion that needs further research. We recognize thaesearch question as to whether these more detailed models
the heart tissue does not display isotropic material propertieswould produce “better” motion fields.



Another topic imploring further research is the conver-
gence properties of the overall energy function using a forward
deformation mapping. Because an increment in a motion vec11]
tor not only moves the deformed location that voxel, but also
affects the summed voxel value at that location, we have found
that the energy function is quite complicated, and subject to [12]
numerous local minima. A technique different from nonlinear
successive overrelaxation may be warranted.
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